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Abstract 
Surface task features are more salient than structural task features and thus easier to recognize for 
novices. It is predicted that the more salient the task features the better learners can choose 
personally relevant and varied tasks, which enhances learning transfer. To investigate this 
prediction, a 2 x 2 factorial experiment with 72 participants studied the effects of control over 
tasks that differ in their surface features (learner, program) and in their structural features 
(learner, program). Learner control over the selection of tasks with salient surface features 
enables learners to select personally relevant and varied tasks. This is believed to yield higher 
effectiveness (i.e., higher near and far transfer test performance) as well as higher efficiency (i.e., 
higher transfer test performance combined with lower associated mental effort). Learner control 
over the selection of tasks with non-salient structural features does not enable learners to select 
personally relevant and varied tasks and is therefore not expected to yield beneficial effects on 
learning. The results show positive effects of learner control over the selection of tasks with 
salient surface features for efficiency on the far transfer test but not for effectiveness. Theoretical 
and practical implications are discussed. 
 
Keywords: Cognitive load; learner control; program control; structural task features; surface task 
features. 
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Introduction 
Learner-controlled instruction allows learners to make selections according to their 
knowledge, interests, and preferences (Van Merriënboer, Schuurman, de Croock, & Paas, 2002). 
Theoretically, learner control enhances learning even when choices are trivial (Cordova & 
Lepper, 1996). However, empirical studies report both beneficial and detrimental effects of 
learner control on learning (Katz & Assor, 2007). It seems that learner control functions 
differently depending on what (e.g., task features) is being controlled by whom (e.g., novices, 
experts), and only works if learners recognize the control that is given to them (Scheiter & 
Gerjets, 2007). 
This study investigated under which conditions the effects of learner control over the 
selection of learning tasks are optimized. More specifically, it investigates whether learner 
control is more effective and efficient when learners select tasks based on their surface than on 
their structural features.  
Learner Control and Surface Task Features 
Surface features refer to task aspects that are not relevant to reach a solution (e.g., species 
in inheritance tasks because Mendel’s laws are the same for animals, plants, and humans). They 
generally are salient even for novices (Chi, Feltovich, & Glaser, 1981; Gick & Holyoak, 1987; 
Quilici & Mayer, 2002). For example, in inheritance tasks, novices will distinguish tasks dealing 
with a cat's eye colour from tasks dealing with a pea plant's flower shape. Learners who are 
aware of the different surface features of the tasks they may select will probably be more aware 
of their motives for choosing between them (Corbalan, Kester, & Van Merriënboer, 2006). Since 
learner control over tasks with different surface features is likely to be perceived by the learners, 
they may use it to make instruction more personally relevant for them (Katz & Assor, 2007). 
Personal relevance has been theorized to facilitate learners to connect new information to their 
prior knowledge without affecting the way the task is solved (Wouters, Tabbers, & Paas, 2007). 
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This promotes elaboration, a process which leads to new schemas when new information is 
integrated and organized with prior knowledge (Van Merriënboer, Kirschner, & Kester, 2003). 
This construction of general and abstract schemata is useful for solving new problems containing 
unfamiliar elements (i.e., transfer). In Ross, Morrison, and O’Dell (1989), students who could 
choose between four task themes (i.e., sports, medical, educational, abstract) to learn statistics 
performed better than students receiving prescribed themes. Similarly, in Cordova and Lepper 
(1996), participants who could generate the names of their spacecraft and their opponent in a 
computer game on arithmetic outperformed participants who received predetermined names.  
Additionally, learners who recognize the different surface features of the tasks they 
perform may use these features to select a varied set of tasks. Variations in surface features of 
tasks that share the same solution steps or structural features help learners see beneath surface 
features and recognize the solution steps of a task, and allow subsequent classification of new 
tasks (see Chen & Mo, 2004). This enhances schema induction and thus fosters transfer (Chen & 
Mo, 2004; Quilici & Mayer, 2002). As Gick and Holyoak (1987) stated “Exposure to instances 
that vary in surface features will allow people to form generalized rules that are not restricted to 
overly specialized contexts, thus facilitating transfer” (p.21).  
Summing up, learner-controlled selection of tasks that differ in surface features enables 
learners to select a varied set of personally relevant tasks which enhances induction and 
elaboration and, eventually, transfer of learning. In this study, we characterize surface features as 
the context (i.e., different species and traits) in inheritance tasks. 
Learner Control and Structural Task Features 
 Structural features refer to task aspects that are directly relevant to reach a solution (e.g., a 
solution step such as 'determine the genotype of a parent’ in an inheritance task, which is an 
essential step when solving any inheritance task because it represents the genetic constitution of 
an organism) (Chen & Mo, 2004; Gick & Holyoak, 1987). In contrast to surface features, 
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structural features are often less or not salient for novices (Quilici & Mayer, 2002). 
Consequently, it is difficult for novices to perceive the control they are given over the selection 
of tasks with different structural features. In inheritance tasks, for example, it is difficult for 
novices to distinguish tasks that require them to 'determine the genotype of a parent' from tasks 
that require them to 'determine the phenotype of a parent'. Moreover, these learners will not be 
aware of any valid motives for choosing between tasks that differ in structural features. Hence, 
they will not distinguish between tasks that are necessary for learning and tasks that could just as 
well be omitted. This could negatively influence learning.
 Since learner control over the selection of tasks with different structural features will not 
be perceived as such by the learners, it is practically impossible for them to select a varied set of 
personally relevant tasks. Consequently, they are not likely to profit from the effects of 
elaboration and induction on learning transfer. Moreover, learners are not likely to profit from 
variation in practicing tasks with different structural features which is also considered to have 
positive effects on learning (Holladay & Quiñones, 2003). When, in a sequence of practiced 
tasks, the structural task features vary, repetition of specific structural task features occurs at 
longer intervals and learners have to retrieve the appropriate schema each time a feature (e.g., 
solution step) needs to be performed. This variation may result in reconstructive activities that 
will eventually yield more accessible representations in memory, thus enhancing learning (Van 
Merriënboer, Kester, & Paas, 2006). 
 Summing up, novices do not recognize the structural task features and will not select a 
varied set of personally relevant tasks when provided with control. Consequently, this type of 
control is not expected to enhance elaboration, induction and, eventually, learning transfer. In 
this study, we characterize structural task features as the procedural solution steps learners must 
complete to solve inheritance tasks.  
Learner Control and Cognitive Load 
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The amount of choice learners exert influences learner control effectiveness. Too much 
control causes cognitive overload and even experts might experience difficulties in selecting, 
sequencing, and pacing huge amounts of information (Scheiter & Gerjets, 2007). Shared control 
over task selection could solve this problem (Corbalan et al., 2006). In this two-step process, a 
computer program first selects a subset of tasks with desirable task features (e.g., surface and 
structural features) based on task features of previously selected tasks (program-control). Second, 
the learner selects from this subset one task to work on (learner-control). This is hypothesized to 
avoid the potential pitfall of a too high amount of choice and yet grant some learner control 
(Corbalan et al., 2006). This study implements shared control to prevent cognitive overload. 
This study investigated the effects of learner-controlled selection of tasks that differ in 
their surface (i.e., context) and structural features (i.e., to-be-completed solution steps) on 
learning effectiveness (i.e., transfer test performance) and efficiency (i.e., transfer test 
performance in relation to the mental effort invested to reach this performance). Learner-
controlled selection of tasks differing in their surface features enhances learning effectiveness 
and efficiency because the saliency of those task features enables learners to select a varied set of 
personally relevant tasks, regardless of who (learner, program) selects the structural features. In 
contrast, the non-saliency of structural features impedes learners to select a varied set of 
personally relevant tasks. Hence, we expect no differences between learner and program control 
over tasks differing in those features. Consequently, when the program selects the surface 
features, no differences are expected when structural features are selected by the program or by 
the learner. 
Method 
Participants 
Seventy-two first-year Dutch secondary school students in the Health Sciences domain 
(61 females, 11 males; mean age = 17.33 years; SD = 1.07) participated. A 2x2 factorial design 
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studied the effects of control over the selection of genetic tasks that differ in their surface 
(program, learner) and structural (program, learner) features. Participants were randomly 
assigned to one of the four experimental groups: In the ‘surface program-control, structural 
program-control’ condition (n = 18) the program selected both the surface and structural task 
features; in the ‘surface program-control, structural learner-control’ condition (n = 17) the 
program selected the surface features and learners selected the structural features; in the ‘surface 
learner-control, structural program-control’ condition (n = 17) the learners selected the surface 
features and the program selected the structural features; and in the ‘surface learner-control, 
structural learner-control’ condition (n = 20) the learners selected both the surface and structural 
features of the tasks they performed. 
Materials 
Electronic learning environment. A web-based environment was connected to a database 
containing a basic introduction, a factual knowledge test, all learning tasks, a transfer test, and 
mental effort measurements. 
Basic introduction. It included the main genetic concepts necessary to begin the training 
(i.e., dominant and recessive genes, homozygous and heterozygous gene pairs, genotype and 
phenotype) and a representative worked example. 
Factual knowledge test. It contained eight multiple-choice questions and assessed 
participants’ prior factual knowledge. 
Learning tasks. The database contained 54 completion inheritance tasks (e.g., inheritance 
of the hair, fur, or leaf colour). Completion tasks present a given state, a goal state, and a partial 
solution that learners must complete by adding the missing solution steps (Van Merriënboer & 
Kirschner, 2007). Learning tasks varied in: (a) the contextual features species and traits (i.e., 
surface features), and (b) the to-be-completed solution steps (i.e., structural features). In Figure 1, 
the first and second columns contain species (e.g., animal, plant) with species types (e.g., cat, 
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pea) and traits (e.g., colour, shape) with trait parts (e.g., fur, tail), and the third column describes 
the seven solution steps to reach the solution. Steps five, six and seven appeared twice in each 
task because tasks included two generations of offspring and these steps were required to solve 
each generation. That is, after solving one generation, the same three steps appeared to solve the 
next generation. Each completion task contained three to-be-completed solution steps. For 
instance, if steps one, three, and four had to be completed by the learner, the right solution of the 
four remaining solution steps, that is, steps two, five, six, and seven was given. 
[Insert Figure 1 around here] 
Each participant completed twelve learning tasks. Each correctly completed step scored 
one point, except for steps five, six and seven, which appeared twice in each task. For these steps 
each correct answer scored a half point, leading to a total of one point per step. This led to a 
maximum score of 3 points per task and of 36 points for the whole training. The reliability of the 
scores for the learning tasks was α = .92 (Cronbach’s alpha).  
Task selection. The first (subset of) task(s) was randomly selected by the program and the 
subsequent (set of) learning task(s) was/were dynamically selected either by the learner or by the 
program. Tasks varied depending on how dissimilar the surface and structural features were as 
compared to the previous task. Regarding the surface features, two levels of dissimilarity were 
distinguished: (1) low dissimilarity, which contained tasks with either (a) same species, species 
type, trait, and trait part, or (b) same species and trait but different species type and trait part, and 
(2) high dissimilarity, which contained tasks with either (a) different species or trait, and 
different species type and trait part, or (b) different species and trait and different species type 
and trait part. Regarding the structural features, also two levels of dissimilarity were 
distinguished: (1) low dissimilarity, which contained tasks with either (a) zero, or (b) one to-be-
completed solution steps different from the previous task, and (2) high dissimilarity, which 
contained tasks with (a) two, or (b) three to-be-completed solution steps different from the 
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previous task. When the surface features were selected by the program, one task with high 
dissimilarity was presented. When the surface features were selected by the learner, four tasks 
including each combination of low and high dissimilarity levels were presented, from which the 
learner selected one. When the structural features were selected by the program, one task with 
high dissimilarity was presented. When the structural task features were selected by the learner, 
four tasks including each combination of the low and high dissimilarity levels were presented, 
from which the learner selected one (see Figure 2). In the learner-controlled conditions, each task 
selection screen prompted the participants to select the species and trait (i.e., surface features) or 
to select the steps to-be-completed (i.e., structural features). The selection screen always showed 
four tasks, presented in two rows of two tasks and contained a description of the surface features 
and a description of the to-be-completed steps.  
[Place Figure 2 about here] 
Transfer test. It contained four near and four far transfer tasks. The near transfer tasks 
were structurally similar to the learning tasks but contained different surface features (i.e., other 
subjects within the species, for example, fruit flies, and other traits, for example, position of the 
wings) and determined whether participants were able to apply the learned procedures in the 
same way as in the learning tasks. The far transfer tasks required participants to flexibly use the 
learned solution procedures during training to structurally different tasks. The following far 
transfer tasks were used: (a) a dihybrid crossing task which required two different traits to be 
treated separately; (b) a family tree task in which participants had to infer the genotype of several 
of the individuals based on the information given in the tree; (c) a task in which participants had 
to infer the genotype of an individual from information of the father; and (d) a task with co-
dominant genes, that is, genes that are equally strong and both expressed. The maximum score on 
the near and far transfer test was four points each. Reliability of the tests were, α = .88 and 
α = .74 for the near and far transfer test. 
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Mental effort. Mental effort was measured as the “effort required to solve the task” (Paas, 
Tuovinen, Tabbers, & van Gerven, 2003) after each learning and transfer tasks with a one-item 
7-point Likert-type scale ranging from 1 (very low effort) to 7 (very high effort). Reliabilities 
were α = .98 for the learning tasks, and α = .91 and α = .86 for the near and far transfer tasks, 
respectively. 
Efficiency. Participants’ test performance on near and far transfer and mental effort 
invested during the performance of those tests were combined using the procedure of Paas and 
Van Merriënboer (1993) to calculate efficiency on near and far transfer. When performance is 
higher than might be expected on the basis of invested mental effort, the instruction is relatively 
efficient, and when performance is lower than might be expected on the basis of invested mental 
effort, the instruction is relatively inefficient. 
Procedure 
The experiment was completed in a single location and in one single session. In the pre-training 
phase, participants received the basic introduction and completed the factual knowledge test. 
Subsequently, participants started the learning phase. Participants were not informed on how the 
tasks were (pre-)selected. In each learning task, participants could press a continue button after a 
to-be-completed solution step was solved. The remaining solutions steps until the next to-be-
completed solution step appeared. In the test phase, participants completed the transfer test. After 
each training and test task, mental effort was measured. During the learning and test phases 
participants could work at their own pace. 
 
Results 
An ANOVA on the prior factual knowledge test revealed no differences between 
conditions (F(3, 68) < 1). Hence, results are not likely to be artefacts of prior knowledge 
differences between conditions. Data analysis included analyses of variance with the between-
Learner Controlled Task Selection 
 
11
subjects factors control over task selection based on (1) Surface task features (program, learner) 
and (2) Structural task features (program, learner). Table 1 shows the mean scores and standard 
deviations of all dependent variables during the learning and test phases. 
[Insert Table 1 about here] 
Learning Results 
Due to technical difficulties, 8 participants had a missing mental effort value on one of 
their learning tasks. The missing value was replaced by the participant’s own mean mental effort 
computed over the whole training phase. 
For training performance and mental effort, results revealed neither statistically 
significant main effects nor interaction effects. 
Test Results 
One participant in the ‘surface learner-control, structural learner-control’ condition had to 
leave the session earlier and did not perform the transfer test. 
 Test performance. Results revealed neither statistically significant main effects nor 
interaction effects. 
 Mental effort. Regarding near transfer, a significant main effect of ‘control over task 
selection based on surface features’ was found, F(1, 67) = 6.65, MSE = 14.71, p < .025, η2p = .09. 
Participants in the ‘surface learner-control’ conditions experienced lower mental effort during the 
near transfer test than participants in the ‘surface program-control’ conditions. Regarding far 
transfer, again a significant main effect of control over task selection based on surface features 
was found, F(1, 67) = 12.01, MSE = 19.75, p < .010, η2p = .15. Participants in the ‘surface 
learner-control’ conditions experienced lower mental effort during the far transfer test than 
participants in the ‘surface program-control’ conditions. No other main or interaction effects 
were found. 
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Efficiency. A significant main effect of ‘Control over task selection based on surface 
features’ was found on the far transfer test, F(1, 67) = 6.02, MSE = 8.32, p < .025, η2p = .08. 
Efficiency was higher in the ‘surface learner-control’ conditions than in the ‘surface program-
control’ conditions. No other significant effects were found. 
Additional analyses 
Learner and program selections. To compute the dissimilarity level regarding the surface 
and structural features of each task, each selected task received zero, one, two, or three points 
corresponding to the low and high dissimilarity levels for both surface and structural features. 
For example, a task with different species and trait and different species type and trait part would 
score 3 points because it corresponds to the high dissimilarity level of the surface task features. 
This led to a dissimilarity level of minimally zero points and maximally 33 points (11 task 
selections). Participants in the ‘surface learner-control, structural learner-control’ condition 
selected significantly more different surface than structural features, t(19) = 19.41, p < .001, 
d = 1.16. Furthermore, in the ´surface program-control´ conditions, the surface features were 
more varied than in the ´surface learner-control´ conditions, F(1, 68) = 67.36, MSE = 772.62, 
p < .001, η2p = .50. Similarly, in the ´structural program-control´ conditions, the structural 
features were more varied than in the ´structural learner-control´ conditions, F(1, 68) = 202.33, 
MSE = 5480.19, p < .001, η2p = .75. 
Discussion 
 This study investigated the effects of learner-controlled selection of tasks that differ in 
their surface and/or structural features on learning effectiveness and efficiency. As hypothesized, 
efficiency on far transfer was higher when learners selected the surface task features themselves. 
Presumably, these learners were able to apply the learned solution procedures to solve unfamiliar 
inheritance tasks more flexibly. However, effectiveness was not higher when students selected 
tasks with different surface features, although as expected they invested less mental effort on 
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near and far transfer. Probably, having learners select surface features in isolation from the 
structural features may help them to optimise their allocation of cognitive resources for learning 
by attending to the selection of surface features first. Additional analyses show that participants 
in the ‘surface learner-control, structural learner-control’ condition chose more varied tasks when 
they selected them on the basis of their surface features. Thus, results show that it is better to 
give learners the freedom to select tasks with their preferred surface task features. Furthermore, 
as expected no differences were found for mental effort, effectiveness, and efficiency between 
learners who could select tasks with different structural features and learners who could not. 
Additionally, that participants who could select both surface and structural task features 
performed similarly on transfer than participants who selected only surface features, further 
supports our assumption that learner control over surface features have a larger impact on 
learning than learner control over structural features. 
Although participants in the ‘surface learner-control’ conditions invested less mental 
effort to reach a similar effectiveness than participants in the ‘surface program-control’ 
conditions, no differences between these groups were found for efficiency on near transfer. A 
possible explanation for higher efficiency on far transfer but not on near transfer concerns the 
general information available in the schemas constructed. This general information is particularly 
useful to deal with tasks that require learners to flexibly apply the learned solution procedure, but 
is of less use for familiar tasks that require learners to apply the learned solution procedure 
similarly to the practiced tasks (Sweller, Van Merriënboer, & Paas, 1998). Additionally, 
participants in all conditions were required to direct their attention towards the solution steps. 
Hence, all participants had the opportunity to compile problem-specific schemas, but only 
participants in the ‘surface learner-control’ conditions, who were encouraged to see the 
connections between tasks, were encouraged to construct generalized schemas. Nevertheless, 
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given the low test scores in this study, any interpretation on the basis of constructed schemata 
and learning effects should be given cautiously.  
Additional analyses revealed that the program selected more varied surface and structural 
features than the learners. Although the task complexity level was similar in all conditions, 
participants differed in their learning experiences as a result of their choices. It was argued that 
variability enhances learning. The fact that the less varied surface features in the learner control 
conditions still yielded better results, further supports the expected positive effects of learner 
control over surface features. Another finding that needs to be discussed is why learner control 
over the non-salient structural features, which yielded low variation, did not yield inferior 
learning than program control, which presented tasks with dissimilar task features. This might 
further support the idea that these features are not salient for novices. Another explanation is 
provided by Gick and Holyoak (1987). The authors hold that initial exposure to relatively similar 
learning elements (e.g., to-be-completed solution steps) helps establishing generalized rules and 
more dissimilar elements should only be used to elaborate the rule set once the initial rules have 
been firmly established and strengthened. Accordingly, early practice of tasks with similar 
structural features, followed by subsequent exposure to more variable practice, is expected to 
optimize learning and transfer. In our study, such a sequence occurred in neither the ‘structural 
learner-control’ nor the ‘structural program-control’ conditions. 
 Our results have several implications for future research. First, differences between 
novices and experts (who are presumably better able to recognize structural features than 
novices) should be studied regarding their ability to select a varied set of personally relevant 
tasks based on structural features. Second, whether cognitive load acts as a mediator between the 
control exerted and transfer performance should be more explicitly investigated. Third, whether 
prompting learners to select surface and structural features (e.g., by explicit instruction or giving 
them feedback on their selections) yields better results should be investigated. Finally, learners’ 
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perceptions of the personal relevance of tasks and their motives for the selections they make 
should be explicitly assessed. 
Whereas many studies report efficiency measures and the effects of learner control on 
surface features, there seem to be no other studies which applied efficiency measures with 
instructional conditions that included learner control over surface features. Another innovative 
aspect of this study is that the choices presented in the learner-controlled conditions were 
dynamically adapted to the choices made by the learner in each prior task.  
Concluding, this study showed that learner control based on surface features is more 
beneficial for learning, while learner control based on structural features is not. In this respect, 
this study complements the attempts of other authors to determine guidelines for implementing 
learner control (Scheiter & Gerjets, 2007). This finding is particularly important for instructional 
designers because educational curricula increasingly use forms of on-demand education, in 
which learners plan their own learning trajectory. 
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Table 1 Overview of Results 
 Surface program-control Surface learner-control 
 Structural  Structural  Structural  Structural  
program-control 
(n = 18) 
learner-control 
(n = 17) 
program-control 
(n = 17) 
learner-control 
(n = 20)a
 M SD M SD M SD M SD 
Learning phase         
Performance (0-36) 20.42 8.63 23.09 8.45 16.76 9.25 19.08 9.11 
Mental Effort (1-7) b 4.51 1.68 4.97 1.03 4.76 1.68 4.32 1.47 
Test phase         
Performance near transfer (0-4 ) 1.67 1.44 1.62 1.43 1.71 1.33 1.72 1.14 
Performance far transfer (0-4) 1.39 0.94 1.16 0.76 1.46 1.22 1.48 1.13 
Mental effort near transfer (1-7)  c 5.01 1.76 5.50 1.13 4.35 1.58 4.35 1.39 
Mental effort far transfer (1-7)  d   5.53   1.29   5.85   0.72   4.68   1.41   4.59   1.53 
Efficiency         
Near transfer -0.11 1.54 -0.36 1.19 0.22 1.31 0.23 1.05 
Far transfer -0.19 1.20 -0.51 0.71 0.30 1.34 0.37 
an = 19 in the Test phase 
1.31 
b,c,d Mean of the measurements collected after each learning task (b) and after each near (c) and far (d) 
transfer task 
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Figure Captions 
Figure 1. Composition of the task database. 
Figure 2. Example of a task-selection screen in the ‘structural learner-control’ conditions. 
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